Abstract. This paper shows how the multipulse method from digital signal processing can be used to accurately synthesize signals obtained from blood pressure and blood flow velocity sensors during posture change from sitting to standing. The multipulse method can be used to analyze signals that are composed of pulses of varying amplitudes. One of the advantages of the multipulse method is that it is able to produce an accurate and efficient representation of the signals at high resolution. The signals are represented as a set of input impulses passed through an autoregressive (AR) filter. The parameters that define the AR filter can be used to distinguish different conditions. In addition, the AR coefficients can be transformed to tube radii associated with digital wave guides, as well as pole-zero representation. Analysis of the dynamics of the model parameters have potential to provide better insight and understanding of the underlying physiological control mechanisms. For example, our data indicate that the tube radii may be related to the diameter of the blood vessels.
1.
Introduction. During posture change from sitting to standing, blood is pooled in the lower extremities as a result of increased gravitational potential. A response to the shift in blood volume from the thorax to the lower extremities is a decrease in venous return, cardiac filling pressure, and cardiac output. The decreased cardiac output causes a decrease in arterial blood pressure, which in turn may cause a decrease in cerebral blood flow. To restore arterial blood pressure and maintain cerebral blood flow, two main control mechanisms are activated. Autonomic regulation, mediated by the central nervous system as a response to changes in aortic and carotid blood pressure, causes an increase in heart rate, cardiac contractility, peripheral resistance, compliance, and unstressed volumes of blood vessels in the thorax and lower extremities. Simultaneously, cerebral autoregulation (a local control that respond to changes in myogenic activity and the concentration of carbon-dioxide) maintains cerebral blood flow by decreasing the cerebral vascular resistance. In healthy young people, cardiovascular regulation maintains a constant blood flow despite changes in blood pressure. In healthy elderly people, the regulation is still viable, but may be diminished. Even for hypertensive individuals, it is assumed that regulation is maintained, but it is shifted to be active at higher pressures [1] . For people with diminished regulation, the cardiac output may not be fully restored after posture change from sitting to standing, hence the blood flow to the brain may be reduced, which can cause transient 'black outs' or dizziness.
To study the regulation mechanism, simultaneous recording of blood pressure and blood flow velocity have been recorded during posture change from sitting to standing. In this paper, we show that the multipulse method from digital signal processing can be used to analyze the two signals independently. The parameters that define the multipulse method form an "input" signal that consists of a few impulses and a set of autoregressive (AR) coefficients. Previously, this method of generating an AR representation without specific knowledge of the input has proved to be useful in speech signal processing [2, 3, 4, 5] as well as in geophysical applications [6] . We show how the method can be used to analyze blood pressure and blood flow velocity signals obtained during posture change from sitting to standing. The parameters obtained from the method show definite differences between three groups of subjects: 1) healthy young subjects, 2) healthy elderly subjects, and 3) hypertensive elderly subjects.
Blood pressure from these subjects is recorded in the middle finger of the nondominant hand and the blood flow velocity is recorded in the left middle cerebral artery (MCA). These signals are chosen since reliable measurements from these vessels are easy to obtain non-invasively [1, 7, 8, 9] . The advantage of including signals from two distinct locations in the brain and in the body is that we are able to investigate how cerebral autoregulation interacts with autonomic regulation that mainly acts in the torso and lower extremities. Ideally, one would prefer to analyze both blood pressure and blood flow velocity signals from each location, but it is not possible to obtain non-invasive measurements of blood pressure in the brain. One could possibly include blood pressures measured in the ear-lobe, but it needs to be investigated if the vessels in the ear-lobe are big enough to provide accurate and reliable blood pressure recordings. Blood flow velocity can be measured in the upper body, e.g., in the radial artery (the arteries in the finger are too small to obtain reliable blood flow velocity recordings). For the current study, we are limited to the two signals measured in the brain and in the finger, but in future work, we plan to include additional velocity recordings from the radial artery.
Most previous studies characterize the effect of either cerebral autoregulation [10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21] regulating vascular resistance, or baroreflex function (an autonomic regulation) [22, 23, 24, 25, 26, 27, 28, 29, 30] , regulating the heart rate and vascular resistance. Most analysis methods, including our method, predicting cardiovascular regulation are based on a linear representation of the system [15] . A popular method to predict the effect of autoregulation is based on a linear transfer function where blood pressure is treated as an input and blood flow velocity is the output (see e.g., [1, 7, 10, 11, 12, 14, 15, 16, 17, 19, 21] ). Conclusions about autoregulation are obtained by using the transfer function between the blood pressure signal and the blood flow velocity signal to compute the coherence between the two signals. These works infer that a high coherence between blood pressure and blood flow velocity indicates that the blood flow velocity follows the blood pressure, while a low coherence (the range of autoregulation) appearing shortly after posture change indicates that blood flow velocity is regulated differently than the blood pressure. Another approach for addressing the effect of autoregulation and autonomic function has been to characterize the cardiovascular system by a linear analog circuit with two resistors representing the systemic and peripheral resistance and a capacitor representing the compliance of the MCA [20] (the three element windkessel model [31] ). This method also uses a transfer function to represent the relation between the two signals. The effect of the cardiovascular regulation is obtained by studying the variation in the parameters (i.e., the two resistors and the capacitor). The times at which the peripheral resistance is decreased is interpreted as the region of of autoregulation [20, 32] . A new approach suggested by Panerai, et al. uses a neural network model to analyze the dynamics of cerebral autoregulation [33] . This work used a time-lagged recurrent neural network model to analyze the dynamic relationship between arterial blood pressure and cerebral blood flow velocity. The model was compared with standard models and provided an output that was not significantly different than results obtained from timedomain techniques.
The baroreflex function has been addressed by closed-loop models that predict the regulation by describing effects of the entire cardiovascular system [22, 24, 25, 26, 27, 28] . With these models, it is difficult to analyze the signals because complex methods are needed to estimate parameter values and changes in parameter values. One attempt to combine a closed loop model with data analysis is the model by Olufsen, et al. [34] , which is based on optimal control strategies. Similar models are presented in the work [35, 36, 37] . Finally, the multiscale model proposed by Fernandez, Millisic, and Quaterioni [38] could be used to study regulation of blood flow.
Except for the closed loop models, all the approaches discussed above are presumptuous about the input, namely that pressure causes flow. As we show in this paper, it is possible that a separate signal originating from the brain or the heart, such as the electrocardiogram (EKG), could act as the input or contribute to the input for both pressure and flow. One previous paper attempted to relate changes in pressure to changes in heart rate in order to study the regulation process during progressive lower body negative pressure. This method describes the baroreflex function using an autoregressive-moving average (ARMA) approach [28] . It used a 4 Hz sampling rate and a second order AR representation with a pure 0.75 sec delay of the input pressure signal. This was adequate for quantities that are averaged over the time of a heartbeat. Our method is able to use a higher sampling rate to represent the signals accurately between heartbeats with a model of the signal whose parameters model the system over the time of several heartbeats.
In addition, most previous contributions base their analysis on mean values of the blood pressure and blood flow velocity. Effects such as the widening of the blood flow velocity (increase in difference between the systolic value and the diastolic value) can not be captured by such models. Previous analysis has shown [1, 7, 20] that this widening may be significantly different for young individuals and for elderly or hypertensive elderly. Hence, we find it important to develop analysis methods that take these aspects into account. Our method computes a sequence of the input pulses while at the same time deriving an AR representation. This allows us to represent the signal at high resolution between heartbeats. However, the value of DSP approach is not the approximation of the signal but the modeling of the system that creates the signal. This is done over the time interval of several cardiac cycles. The system parameters that characterize the vascular system are sampled on the order of the speed of the control mechanisms, which have been estimated around 0.3 Hz. Thus, the AR representation describes the signal characteristics over a time interval that is large with respect to the sampling interval. The representation of the signal is done efficiently by using only a few parameters. Some of the parametric forms that we develop have high potential to be related to physical quantities of interest. The fact that the signal can be reproduced very well lends credibility to the characterization based on this parametric mathematical model. Furthermore, the AR representation permits diverse interpretation by the examination of other derived system parameters, such as reflection coefficients, tube radii, poles and zeros. Finally, the digital description can be transformed into an analog model using common digital signal processing methods. This allows the extension of our method to analog models such as those discussed in [20, 25, 27, 36, 39] . The multipulse DSP method is extremely versatile. It is hoped that it will lead to improved interpretation of vascular control mechanisms.
Methods.
2.1. Experimental Setup. For this study, data was collected from 29 subjects with two recordings for each subject. The subjects include nine young subjects, ten healthy elderly subjects, and ten hypertensive elderly subjects. All subjects were pre-screened for known diseases and to ensure that adequate signals could be obtained. Beat-to-beat arterial blood pressure was determined non-invasively from the middle finger of the non-dominant hand, using a photoplethysmographic non-invasive pressure monitor (Finapres), supported by a sling at the level of the right atrium to eliminate hydrostatic pressure effects. Blood flow velocity in the left MCA was measured using trans-cranial Doppler (TCD) ultrasound. A 2 MHz probe of a Nicolet Companion portable Doppler system was strapped over the temporal bone and locked in position with a Mueller-Moll probe fixation device to image the MCA. The MCA blood flow velocity was identified according to the criteria of Aaslid [40] and recorded at a depth of 50-65 mm. The envelope of the blood flow velocity waveform, derived from a Fast-Fourier analysis of the Doppler frequency signal, and continuous pressure signals were digitized at 500 Hz and stored in the computer for later off-line analysis.
Following instrumentation, subjects sat in a straight-backed chair with their legs elevated at 90 degrees in front of them on a stool. For each of two active stands, subjects rested in the sitting position for 5 minutes then stood upright for one minute. The initiation of standing was timed from the moment both feet touched the floor. Data were collected continuously during the final minute of sitting and the first minute of standing during both trials [20] . A diagram of the experimental setup is shown in Fig. 1 .
The data used for this study have been published earlier, and are used with permission from Dr. Lipsitz's laboratory [1] . The study was approved by the Institutional Review Board at the Hebrew Rehabilitation Center for Aged, and all subjects provided written informed consent.
Representative blood pressure and blood flow velocity signals are shown in Fig. 2 . Signals from three individuals are shown: a healthy young subject, a healthy elderly subject, and a hypertensive elderly subject. These signals are representative with other subjects within each population. The higher blood pressure is apparent in the hypertensive subject. During posture change (at 60 sec), one can note the Figure 1 . Experimental setup. Initially, the subject was seated for approximately one minute, then told to stand. The blood pressure is measured non-invasively from them middle finger of the non-dominant hand, using a photoplethysmographic non-invasive pressure monitor (Finapres), supported by a sling at the level of the right atrium to eliminate hydrostatic pressure effects. The blood flow velocity is measured using the 2 MHz probe of a Nicolet Companion portable Doppler system strapped over the temporal bone.
drop in arterial blood pressure in the finger. This is due to the effect of gravity pooling the blood into the lower extremities, which leads to a reduction in venous return followed by a decrease in cardiac output. The decreased cardiac output leads to a drop in arterial blood pressure in the upper body and an increase in blood pressure and blood flow to the lower extremities. Another consequence of the decreased arterial blood pressure is a potential reduction of mean blood flow velocity to the brain. In response to the reduction of systemic blood pressure autonomic control mechanisms are activated and as a result the blood pressure is restored to normal approximately 20 sec after the posture change. Furthermore, cerebral autoregulation is activated to maintain constant cerebral blood flow velocity.
Multipulse Representation.
Since the blood pressure and blood flow velocity signals are recorded in digital format, it is natural to consider representing the signals using common digital signal processing (DSP) methods. The signals in Fig. 2 show several properties that are common in voiced speech signals, e.g., an almost periodic form and a natural decay after an initial peak (a detailed view of each period, each cardiac cycle forms a period, is shown in Fig. 5 ). The multipulse method introduced in [2] and currently found in most modern texts on speech signal processing, e.g., [5] , can be easily modified for use in this case. The modification of the method that is used in this work is discussed in [3] .
The basic premise of the multipulse method is that the signal (either the blood pressure or the blood flow velocity), y(n), can be represented using the standard autoregressive method (AR) Figure 2 . Example blood pressure (BP), blood flow velocity (BFV), and heart rate (HR) for a young subject (left column), a healthy elderly subject (center column), and a hypertensive elderly subject (right column). The blood pressure and blood flow velocity are plotted along with their mean values (solid line through the oscillating signals). Note that the drop in blood pressure and blood flow velocity (especially for the young subject) corresponds to an increase in heart rate, this is part of the regulation mechanism.
where P is the order of the method, α(k) is the k th AR coefficient, and x(n) is the input. For this system, the input could be thought of as the EKG. However, since the two signals are analyzed separately, an input for each signal will be determined, and these inputs will not be the same. In a real physiological system, one common input (e.g. the EKG) would create both outputs, but the two outputs may depend on the input differently. How these two inputs may be related will be studied in future work. The multipulse innovation is that the input to the AR system is a series of discrete impulses δ(n − p i ) at times p i with amplitudes b(i). Mathematically, this is given by
In speech applications, the impulses are related to high and low air pressure pulses generated by the vocal chords. For this work, the pulses could be related to contraction and relaxation of the heart, a relationship that could be studied by measuring additional quantities, such as simultaneous recording of the EKG. Such work is proposed but is beyond the scope of the current paper. The problem is to solve simultaneously for the AR coefficients α(k), the pulse positions Ω pp = {p 1 , p 2 , . . . , p I }, and amplitudes {b 1 , b 2 , . . . , b I } that minimize the squared error
where y(n) is the recorded blood pressure or blood flow velocity signal. This leads to a nonlinear system of equations that is difficult to solve. Iterative schemes have been found to produce acceptable solutions. These schemes are based on a procedure that uses current estimates of the impulses to obtain new AR coefficients; and then uses the new AR coefficients to compute a new set of impulses. A given iteration begins with estimates of the set of impulses, Ω pp . The AR coefficients are estimated using the data at all times at which an impulse does not appear, given the current estimate of the impulses. The mathematical form of the minimization problem that is used to estimate the AR coefficients is a linear system given by
We use the AR coefficients, α(k), to solve for the unknown impulses. The output estimate is computed usingŷ
The location of the I largest errors in magnitude of the set of erros {e(n) =ŷ(n) − y(n)}, are used to define the position of the impulses and the negative of the errors are used to define the amplitude of the impulses. The iteration is started with Ω pp taken as the empty set. The iteration is terminated when the positions of the impulses do not change in successive iterations. An important difference between the blood pressure and the blood flow velocity signals and speech signals is the difference in the mean values of the signals. Speech signals have values that vary about a mean of zero. Blood pressure and blood flow velocity signals vary above a baseline pressure or velocity. The natural decay of the AR system when no pulses are present produces the asymptotic value of zero. This presents no problem for speech signals. However, it is necessary to modify blood pressure and blood flow signals to allow the AR method to be effective.
Since the AR method produces a signal that naturally decays to zero in the presence of no input, it is natural to remove the baseline values. To do this, we fitted a low order polynomial to the minimum values of the signals over the region of interest. Our method, then, subtracts this minimum function to produce a secondary signal that is suitable for application of the multipulse method. This minimum function is added back in to complete the reconstruction of the signals after the multipulse parameters are found and the output according to Eq. (1) is computed.
The physical interpretation of the parameters obtained from applying the multipulse method is subjective. Following the analogy of the interpretation of speech modeling, the AR coefficients represent a characterization of the vascular system and the impulses represent a characterization of the input, which may be thought of as either the heartbeat or the EKG signals that control the heartbeat. The interpretation of the minimum function that is removed prior to applying the multipulse method might be related to some control mechanism, but this is still under investigation.
2.3. Representation and Fitting. Blood pressure and blood flow velocity signals were recorded from subjects who fall into one of three categories: young healthy subjects aged 21-28 years, with an average blood pressure of 93 mmHg, healthy elderly subjects aged 64-86 years, with an average blood pressure of 87 mmHg, and hypertensive elderly subjects aged 67-86 years, with an average blood pressure of 114 mmHg. Two separate recordings were performed for each subject, and there were nine young subjects, ten healthy elderly subjects, and eleven hypertensive elderly subjects. One of the hypertensive data sets had too much noise and was discarded.
Because the signals were oversampled at 500 Hz, decimation was feasible without fear of losing characteristic parts of the spectra. Furthermore, in order to use the multipulse method, the pulses that appear in the sampled signal must be narrow enough to be adequately represented by the signal impulse. To accomplish this, the signal was downsampled to 25 Hz.
Any DSP method will use only a finite amount of data. The trade off is between using enough samples to get accurate estimates of the parameters by averaging out the noise, and using few enough samples to be able to track time-varying phenomena. For this work, we used overlapping segments of four cardiac cycles. A single cycle is about one second. The averaging process will smooth the variations and each averaged value then represents about 4 sec, or a response rate of 0.25 Hz. This is about the response time of the control mechanism [1] . A cardiac cycle may be defined as the time from one landmark in the cycle to the next occurrence of the same mark, e.g., the time of maximum pressure or velocity. For our work, we identified the minimum value that occurred immediately before a maximum value. A series of such cycle boundaries is shown in Fig. 5 . The process is as follows: the parameters that characterize the signal model are estimated for a number of samples that make up four cardiac cycles, then there is a shift of one cycle and the parameters of the signal for the next four cycles are estimated. For example, estimation of the parameters of the signal is carried out for cycles {1,2,3,4}, then {2,3,4,5}, then {3,4,5,6}, etc.
The pressure pulse-wave is ejected from the heart and propagates towards the periphery with a certain wave propagation speed. The wave propagation speed depends on the physical properties of the blood and vascular system, as well as the mean pressure 1 . Since the two signals (blood pressure and blood flow velocity) are measured at different locations, a delay is introduced that depends on the difference between the distance from the heart and the MCA and from the heart to the finger, as shown in Fig. 1 . This delay had to be addressed in order to determine the correspondence between the timing of the blood pressure and the blood flow velocity signals. It was accounted for by determining starting and stopping points for the blood pressure signal and simply shifting them to obtain the corresponding points in the blood flow velocity signal.
For each set of four cycles, a fourth order AR representation (P = 4) was computed with 32 pulses (I = 32) after detrending the minimum of Eq. (1). The fourth order representation was chosen to represent a low-order model that would be consistent with other work in this area. Previous work with analog models used either first or second order differential equations, e.g., [20] . We first tried second order digital models but found them to give poor signal representations, particularly for the healthy and hypertensive elderly subjects. Hence, we investigated higher order models. This investigation showed that for models of order higher than four, the high-order terms all approached zero. The fourth order system can represent a fourth order differential equation or two coupled second order differential equations.
In order to generate a reconstructed signal, the pulses for each set were filtered with the AR coefficients and the detrending polynomial was added back. This computation is shown below.
whereŷ(n) is the reconstructed signal, x(n) is the computed pulse train shown in Eq. (2), and d(n) is the second order detrending polynomial. For tabulation and analysis, the results associated with each cycle were the average of the results for each of the four overlapping data sets. For example, the average AR coefficients for cycle 4 are computed by equally weighting the AR coefficients from sets {1,2,3,4}, {2,3,4,5}, {3,4,5,6}, and {4,5,6,7}. The input pulses and signal reconstruction over the cycle are averaged in the same way. Let us consider an example of this averaging as shown in Fig. 3 3.1. Signal Reconstruction. Fifty-eight total data sets were processed-two trials for each of nine young subjects, ten healthy elderly subjects, ten hypertensive elderly subjects. Sample errors of the blood pressure and blood flow velocity signals from their reconstructions, ǫ(n) =ŷ(n) − y(n), are shown in Fig. 4 along with the computed input pulses superimposed on the detrending polynomial (i.e., x(n) + d(n)). The reconstructions are plotted with the original signal and input pulses on a smaller scale in Fig. 5 .
Note that the reconstructed signal matches the original signal quite well. The error signal-to-noise ratio (SNR) is given by SNR dB = 20 log
. The fact that these are quite large (around 20 dB) indicates that our method was able to reconstruct the signals well. The flow error SNR's are lower in almost all cases due to the noise present in the flow signals. Averages and standard deviations of the error SNR's for each group are listed in Table 1 Table 1 . Error Signal-to-noise ratios (dB). These are computed as SNR dB = 20 log
, where y(n) is the original blood pressure or blood flow velocity signal,ŷ(n) is the corresponding reconstructed signal, and σ f (n) is the standard deviation for a signal f (n). Results are given in the form average (± standard deviation) where these statistics are computed for all subjects within the specified category.
analysis. This indicates that the parameters are consistent and can be used to accurately characterize the signal.
One of the most significant advantages of the multipulse method is that it allows inclusion of variable pulse positions. This enables analysis of irregular heartbeats and signal anomalies without distorting the AR representation of the vascular system. Note the irregularity of hypertensive subject's heartbeat in Fig. 2 around 60 sec. As is shown in Fig. 4 , there is no significant effect on the error signal at this time. This will be important later when we show the various output parameters as a function of time. We will see a smooth transition in those values around such irregularities. 1). However, there are other parameterizations of the AR system that may be of interest. The digital waveguide form is of particular interest, since it uses the physical model of an acoustic tube to describe the system. In the waveguide representation, the system is considered to be a tube that consists of a sequence of equal-length segments of varying radii. The number of segments corresponds to the order of the AR system. The length of each segment is determined by the speed of sound in the medium, in this case blood, and the sampling rate of the digital system. The length corresponds to the distance required for sound to travel the length of the tube in one sampling interval. The change in radii results in the division of the input energy into reflected and transmitted components. To find the tube radii, we first compute the reflection coefficients {K i } from the AR coefficients. Reflection coefficients are used in lattice implementations of digital filters. They may be computed directly from the AR coefficients via the SchurCohn equations that are found in any digital systems text. The relation between the reflection coefficients and the tube radii {R i } is associated with the interface between the i th and (i + 1) th segments
The details can be found in common DSP texts, such as [41, 42] . The system characterizations (AR coefficients and tube radii) are plotted in Fig. 6 for the blood pressure signals and in Fig. 7 for the blood flow velocity signals. Since we used a fourth order method, there are five AR coefficients. The zeroth order coefficient is normalized to unity. Similarly, the radius of the first tube was taken as one, and the rest were computed recursively from the reflection coefficients using the relation in Eq. (7). In both Figs. 6 and 7 each asterisk represents the corresponding AR coefficient for an individual cycle, computed as described in the previous section.
The tube radii parameters have the potential to yield results that relate to physical quantities. The graphs indicate that the parameter tends to behave in a more stable way than the AR coefficients. They are also more stable than the reflection coefficients that are not shown to save space. The tube radii associated with the blood pressure increase immediately after standing and returns to normal after 20 sec of standing for the young and the healthy elderly subjects. However, corresponding parameters associated with the blood flow velocity maintain almost constant values. A detailed interpretation of these results is beyond the scope of this paper, which is to introduce the multipulse method for analyzing the signals. However, it is intriguing to see the difference in the behavior of the three parameters. A brief discussion of possible physiological implications of these parameter variations is given in the discussion.
As noted previously, the multipulse method can account for irregular heartbeats and signal anomalies. As seen in Fig. 6 , all of the output parameters have a smooth transition through the region of the irregular heartbeat in the blood pressure signal about time t = 60 sec. This is the result of the ability to place a pulse at the correct time of the actual flow anomaly.
3.3. Frequency Domain Representation: System Poles. An alternative frequency domain representation of the AR method can be developed by taking the z-transform of Eq. (1). One can consider system poles, which give insight into the dynamic behavior of the signal. The transfer function can be represented in the z-domain as
where r k is the k th residue and p k is the k th pole. Y (z) represents the output of the system (blood pressure or blood flow velocity), while X(z) is the input. The fourth order method (P = 4 in Eq. (8)) gives four poles that must be real or occur in conjugate pairs. Only a few of the data analyzed in this papge gave four real poles. The most prevalent combination was two real poles and one conjugate pair.
The phase of a complex pole gives the frequency of oscillation in the timedomain associated with that pole, while the magnitude gives the degree of damping (see [42] ). Most of the data sets have a high frequency pole, ω h > 3 Hz. A low . Time variation of output parameters obtained when predicting the blood pressure signal for a young subject (A, left column), a healthy elderly subject (B, center column), and a hypertensive elderly subject (C, right column). The original blood pressure signal is shown along with the heart rate for comparison. Each star in the plot represents the computed parameters averaged for a single cycle. The different representations are shown: AR coefficients (α(1) − α(4)) and tube radii(R 2 − R 5 , R 1 is normalized to unity). (4)) and tube radii(R 2 − R 5 , R 1 is normalized to unity). frequency pole, ω l < 3 Hz, appeared more often in the data sets for the healthy elderly subjects. In the sets for young subjects, it was commonly the case that two real poles were obtained instead of a lower frequency complex pair. Plots of the pole variation for sample blood pressure and blood flow velocity signals are shown in Figs. 8 and 9 . These plots show both the distribution of poles within the unit circle and the behavior of the poles as a function of time. As in the case of the three time-domain parameters, the pole behavior is closely correlated with the transition to standing.
At present, there is no physical interpretation associated with the pole movement. However, there do appear to be noticeable differences between the three classes of subjects. The reader is reminded that the frequency associated with the poles is not related to the frequency of the heartbeat, but is related to the physical characterization of the vascular system. Referring to Fig. 6 , one can discern a change in the AR coefficients needed to represent the blood pressure signals during the transition region (60-80 sec), especially, for the healthy and hypertensive elderly subjects, while there is no noticeable difference in the AR coefficients needed to represent the blood flow velocity signals, see Fig. 7 . The tube radii parameters show a different aspect of transition region. The tube radii show distinct increase during the transition for the young subject, little for the healthy elderly subject and only a slight change for the hypertensive elderly subject. For the blood flow velocity signals (see Figure 7) , only the young subject shows a distinct change. This might be due to the effect of autoregulation, which maintains blood flow velocity under a changing blood pressure. For both signals, our analysis show a significant difference between the young subject and the two elderly subjects. For the young subject, especially the tube radii vary significantly more than for the elderly subjects. This may be explained from the fact that elderly people and especially people with hypertension have stiffer arteries that do not change as much. Furthermore, for the elderly subjects the heart-rate changes more (it increases and stay increased). This indicates that the regulation mainly affects the heart-rate, while the resistances are effected to a lesser degree. The subjects displayed in the figures are representative for the three groups, but a more detailed analysis is needed to tease out quantitative differences between the groups.
The plots of the system poles shown in Figs. 8 and 9 also vary significantly between the three groups. A significant variation in the high frequency pressure pole ω h is noted in Fig. 8 , especially over the transition region (60-80 sec). There is a change in both magnitude and frequency of ω h , however, the magnitude drop appears to lead the frequency drop. Again, note that the behavior of the blood flow velocity signal, see Fig. 9 , does not appear to follow the pressure signal. In addition, a noticeable difference in the blood flow velocity signal is observed between the young subject and the two elderly subjects. For the young subject, we see a significant change in both magnitude and phase, whereas the elderly subjects do not show any significant difference either in magnitude or in frequency. Finally, it Figure 8 . Time variation of system poles in the blood pressure signal for a young subject (left column), a healthy elderly subject (center column), and a hypertensive elderly subject (right column). The time variation of the signals are shown along with a scatter plot of the poles in the complex plane. For the low frequency pole ω l a zero value indicates that ω l was not present for that cycle, instead two real poles were computed. A scatter plot of the poles is given in the complex plane. ω h is shown as the cluster of poles with higher phase, and ω l as the poles with lower phase. The separation phase is 3 Hz. Real Axis Figure 9 . Time variation of system poles in the velocity signal for a young subject (left column), a healthy elderly subject (center column), and a hypertensive elderly subject (right column). The time variation of the signals are shown along with a scatter plot of the poles in the complex plane. For the low frequency pole ω l a zero value indicates that ω l was not present for that cycle, instead two real poles were computed. A scatter plot of the poles is given in the complex plane. ω h is shown as the cluster of poles with higher phase, and ω l as the poles with lower phase. The separation phase is 3 Hz. is also observed that the ω h frequency is typically higher for the blood flow velocity signals, than for the corresponding blood pressure signals.
Though not attempted here, interpretations of the changes in these different representations over time might be considered, and analogies may be developed between these results and standard measures such as arterial resistance, compliance, and inertance. If one considers an analog circuit model such as in [20, 31, 32] , the system pole magnitudes in Figs. 8 and 9 are inversely related to arterial resistance, R, in that a smaller magnitude corresponds to a higher resistance. The pole frequencies, ω, are inversely related to the square root of the compliance, C, inertance, L, product, ω = 1 √ LC
. Thus a higher pole frequency would imply a lower complianceinertance product.
It is noted that the tube radii associated with the young healthy subjects show a distinct dilation during the change in posture. It was conjectured that this reflected the greater elasticity of the blood vessels in the younger subjects. The pole patterns indicate that the younger subjects have a vascular system that damps the impulses more quickly than the older subjects. This is evident from the lower magnitude of the high frequency poles and the very few cases of low frequency poles of the young subjects compared to those of the older ones. It is conjectured that the greater elasticity of vessels in younger people results in a system model that shows significantly more damping of the oscillations or no oscillations, as indicated by two real poles.
It is also possible to generate continuous-time models from the discrete-time models computed here. There are several techniques for doing this [42] . The basis for this transformation is the design of digital filters from analog specifications. It should be noted that when transforming from a digital system to an analog system, it is the transfer function that is of interest. There is no way to derive specific values for the individual value of circuit elements of equivalent analog system unless the architecture of the circuit is severely restricted. The continuous-time parameters may be used in conjunction with previous vascular models. We are investigating these transformations in parallel research.
5.
Conclusion. The multipulse method from digital signal processing has been applied to the analysis of blood pressure and blood flow velocity signals measured for subjects undergoing posture change from sitting to standing. The multipulse method assumes that the signals can be generated by passing a series of impulses through an autoregressive filter. The multipulse method computes the location and amplitudes of the impulses along with the AR filter coefficients. This method has advantages over other approaches to analyze blood pressure and blood flow velocity signals in that it does not assume any intrinsic coupling between the two. Instead, each signal is the result of some independent input signal (represented here by the pulses) that may come from the heart or the brain. Also, the very accurate signal reconstructions obtained with this method attest to its applicability.
Different time and frequency domain representations of the estimated signal models are presented. These include autoregressive AR filter coefficients, reflection coefficients (calculated but not shown), tube radii, and system poles. These parameters may be related to physical quantities, and the variation of these over time might prove to give insight into the physiological controls that regulate blood pressure and blood flow velocity during posture change from sitting to standing.
